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~Quest for discovery of new particles
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K‘_.éAnomaly searches in HEP

Out-of-Distribution (O0OD) Anomaly Search

Events [ Background (in-distribution)

[ 4] Signal (anomalous)
Rare background in tail

~

$¢ Construct anomaly score A

Threshold A,

5% SM background samples have small A

5% New physics signal samples have
large A

5% Select a threshold: Ainr

Y. . ) ) Background Region
5% Define the signal region as A> Ainr (A < Au)

Events with anomaly score A
greater than the threshold are

considered anomalous.
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R{Anomaly searches in HEP

Out-of-Distribution (00D) Anomaly Search

HOW? ey [l Background (in-distribution)

[ 4] Signal (anomalous)
Rare background in tail

~

¢ Construct anomaly score A

Threshold Athr

5% SM background samples have small A

5% New physics signal samples have
large A

5% Select a threshold: Ainr

Ny . ) ) = Background Region " : (_Signa( Region
¢ Define the signal region as A> At (A < Aur) = )
" Events with anomaly score A
What abOUt baCkg rOund i @ greater than the threshold are
the Slgnal reg|0n? considered anomalous.
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\~ABCD matrix method

Established method for data-driven background estimation
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\~ABCD matrix method

Established method for data-driven background estimation

EV:"tS D Background (in-distribution)

[ Signal (anomalous)

Rare background in tail
Threshold Ay,
t \ |
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Threshold Ay,

Both anomaly scores have to be independent! S Kasiecaka, Nachman, Schwartz, Shih [200714400]

- Mikuni, Nachman, Shih [2111.06417]




FNormalizing Flows
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We build a sequence of invertible parametrisable functions that transform
a multivariate Gaussian distribution to data distribution.
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FNormalizing Flows
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Once we have trained the flow, we can reverse its direction to
transform initial correlated variables into new approximately
uncorrelated ones.
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Overview of the method
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Decorrelation in practice
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Decorrelation in practice
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K?Anomaly score distribution
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\=Significance improvement (semi-supervised)

Results - Percentile Confia: 95 48 0 - Method: xABCD 9
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Towards unsupervised

NFs trained with signal present -- SR=95th percentile, truth-level MC
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K?.#Summary & Outlook

¢ Model-independent methods allow for broad searches for new physics

..\. )

7 Out-of-distribution anomaly searches are challenging:

$¢ general anomaly score
$¢ estimation of background in the signal region

PN

7% Our approach addresses these problems by combining NFs with the ABCD
matrix method

..\. .
7

* Preliminary results are promising

¢ Next steps are:

¢ improve a fully unsupervised approach

$¢ test on other signals




fy— T ——
—— '.o
-Q*—_

- . N .

---:-4,,,»44““. i

> e

Thank you for attention!
rafal.maselek@ijs.sl

«yi -

~¢. -~

Mazur\y P@lnd


mailto:rafal.maselek@ijs.si

Co-funded by
the European Union

os? Jozef Stefan
®e® Institute

Raftat Masetek

2nd SMASHing workshop — 20-10-2026

This project™ Jthexfunding from the European Union's zon Europe kesearch and innovation programme under the Marie Sktodowska-Curie grant agreement No. 101081355. The operation (SMASH project) is co-funded b 5 Republic of

Slovenia and the*Eurepean Union from the European Regional Devélopment Fund: Participation in the conference support‘:\'by' the COST Action CA24146 (MLQC4FC).




K‘sBenchmark model
sighal — RPV SUSY background — ttbar
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A=Preselection &16 original variables

Table 1: Data preselection cuts # | Name
# | Description 1 | log
1 Njets Z 3 2 longli
2 Nb—Jetb > 1 3 | logpy.
3 | Nieptons = 2 4| logr
leptons — 5 | log pllg
4 opp051te sign leptons 6 | log piss
5| Py > 60 GeV "\ st
6 | 2 > 30 GeV : lgj%MTQ
7| P > 30 GeV 10 | |n?
8 ET > 60 GeV 11| [
9 pT > 120 GeV g Aﬂ:;‘(ss.\ )
J1,J2
10 | p2 > 120 GeV 14 | AL, 1)
15 | 1T}
S =432 S/B=05%
| =3/ab 1015

B=80100 S/VvB =15
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ENormalizing Flows

. fl Z0 @ .fz zz— @fz—l-l(zz

/ ~

/ /i\ \\\ Jr I(Zl) f_l(z) ' fz:rl(zzﬂ) 2 R
l\ ,}
Zy ~ po(zo) Zij ™~ pi(zi) LK ™ PK( K)

K 0 i
= fyoz) =fico---ofrofiz)  logpg(x) =log py(zg) + ) log det( L )

- aZi

optimize network parameters to

“~_ minimize KL dlvergence

Pdata
Z = g}ZKL (pdata‘ ‘pK> deata lOg ( D : ) dx
K

4 Rafat Mdsetek . U



\~Anomaly score

anomaly scores

l 1
— 2 :
Dy = N Z % «—latent variables
A ZiEA /
1
Ap=— Zi2 =
NB z,€B -

N

] & 2
o =— Y 72=—"1og NO,]) — loe(2x
NZ} g N(0,1) — log(27)

XZ

Vij (i~ NOD) A (5L 5) = lup ~ NN A (4 L )

Rafat Mdsetek




K’_:’Training strategy

5% We randomly split the data 50-25-25 (train-

Va I _test) Training and Validation Loss for NF decorrelator —
$¢ We train a normalising flow on background-
only data
N 2 é 22.5 1

7% We randomly split the latent variables into two
subsets and construct anomaly scores A and B

e 175 N
N\

/o

< We evaluate on background + BSM signal

15.0 A
A4 “ :

'\. 70

¢ We repeat for 5x5 times f" 0 P ™ = .




